Objective. To compare two approaches to measuring racial/ethnic disparities in the use of high-quality hospitals. Data Sources. Simulated data. Study Design. Through simulations, we compared the "minority-serving" approach of assessing differences in risk-adjusted outcomes at minority-serving and nonminority-serving hospitals with a "fixed-effect" approach that estimated the reduction in adverse outcomes if the distribution of minority and white patients across hospitals was the same. We evaluated each method's ability to detect and measure a disparity in outcomes caused by minority patients receiving care at poor-quality hospitals, which we label a "between-hospital" disparity, and to reject it when the disparity in outcomes was caused by factors other than hospital quality. Principal Findings. The minority-serving and fixed-effect approaches correctly identified between-hospital disparities in quality when they existed and rejected them when racial differences in outcomes were caused by other disparities; however, the fixedeffect approach has many advantages. It does not require an ad hoc definition of a minority-serving hospital, and it estimated the magnitude of the disparity accurately, while the minority-serving approach underestimated the disparity by 35-46 percent. Conclusions. Researchers should consider using the fixed-effect approach for measuring disparities in use of high-quality hospital care by vulnerable populations.
medical conditions (Alexander et al. 1995; Skinner et al. 2005; Jencks et al. 2009; Joynt 2011) , cardiovascular diseases (Mensah et al. 2005) , surgical procedures (Silber et al. 2009 ), and perinatal care (Howell et al. 2013) , raising the question whether minority patients are systematically and disproportionately receiving care from hospitals that provide lower clinical quality of care.
To study this phenomenon, researchers often identify hospitals that are "minority serving" and report the difference in risk-adjusted outcomes between "minority-serving" and "non-minority-serving" hospitals (Groeneveld et al. 2005; Groeneveld et al. 2007; Pippins et al. 2007; Lathan et al. 2008; Jha et al. 2010; Ly et al. 2010; Brooks-Carthon et al. 2011; Joynt 2011; Pollack et al. 2011; Cheng et al. 2012; Haider et al. 2012; L opez and Jha 2013) . There are several reasons why this "minority-serving" approach might not be optimal. First, it requires making ad hoc decisions on the definition of a minority-serving hospital and the cutoffs for categorizing a hospital as minority serving or not. There are no theoretical guidelines for making these decisions, and different definitions of minority-serving could lead to different conclusions about racial disparities. Second, the minorityserving approach does not provide a measure of the magnitude of the disparity. It returns an odds ratio or risk ratio on minority-serving hospitals, but whether this represents a large number of excess events for minorities depends on the number of minorities who received care from minority-serving hospitals. If hospitals that treat a high percentage of minorities tend to be small, then worse outcomes at these facilities may not reflect the quality of hospital care received by the greater minority community. Third, the minority-serving methods estimate what we label a between-hospital disparity-that is, a disparity in outcomes caused by minority patients receiving care from hospitals that provide lower quality of care to all of their patients. However, a between-hospital disparity is only one of the three pathways by which racial and ethnic differences in risk-adjusted hospital outcomes can materialize. A second pathway is via minority patients receiving worse quality of care than nonminority patients at all hospitals, regardless of the underlying quality of care at the hospital. We label this a "within-hospital" disparity because it would be evidenced by racial differences in patient outcomes within each hospital. A third pathway is through factors that are beyond the control of the hospital, such as poor living conditions or social support inadequacies that make posthospital self-management more difficult for minority patients. We label this a "hospitalindependent" disparity. These between-hospital, within-hospital, and hospital-independent pathways are not mutually exclusive, and a significant odds ratio on patient race from a logistic regression of risk-adjusted hospital outcomes gives no indication of which of these three scenarios occurred. Whether the minority-serving methods are robust to disparities in outcomes caused by these different pathways is not known.
We describe an alternative approach to quantify between-hospital racial disparities in hospital outcomes like 30-day readmissions. This alternative approach does not require ad hoc definitions of minority-serving hospitals. Rather, it estimates a fixed effect for each hospital and then predicts the number of adverse hospital outcomes that would occur if the distribution of minority patient across hospitals was the same as that of nonminority patients. The difference between the predicted and observed outcomes is the estimate of the number of adverse outcomes attributable to between-hospital disparities. If white patients are systematically receiving care from higher-quality hospitals, then this "fixed-effect" approach would generate lower predict than observed adverse outcomes for minority patients. Using simulations in which we impose between-hospital, within-hospital, and hospital-independent disparities, we compared the minority-serving approach with the fixed-effect approach in terms of their respective abilities to find a between-hospital disparity when one exists, reject a between-hospital disparity when the disparity is caused by within-hospital or hospital-independent disparities, and provide an accurate measure of the magnitude of the disparity caused by between-hospital disparities.
METHODS
Researchers assessing disparities in risk-adjusted hospital outcomes for minorities commonly estimate an equation similar to: 
where y ij is hospital readmission or death within a specified period of time (typically 30 days) for patient i whose index hospitalization occurred at hospital j, x is a vector of patient health characteristics, and r is an indicator for whether the patient is a member of a minority group. A significant and positive coefficient on the minority indicator suggests that there are excess outcomes for minority patients. To estimate whether these excess outcomes are due to minorities receiving care from hospitals that provide lower quality care, the minority-serving approach involves estimating a model of the form:
where m is an indicator for whether hospital j is a "minority-serving hospital." How to define "minority serving" is not clear. It is commonly estimated using a percentile of a distribution of minorities, but what percentile and what distribution is up to the researcher. For example, a researcher could look at the distribution of minority patient discharges across hospitals in a community and define minority serving as the 5 percent (or 10 percent or any other percentile) of hospitals that treated the greatest number of minorities. Alternatively, the researcher could look at the percent of discharges at each hospital who were minority patients and define minority serving as the 5 percent of hospitals with the highest percentage of minority discharge. Having chosen a definition for minority serving, researchers report the sign and significance of b 3 as a test of the hypothesis that risk-adjusted outcomes are different at minority-serving hospitals compared with all other hospitals. Different definitions of minority serving can result in different inferences.
In the fixed-effect approach, we estimate a fixed effect for each hospital as shown in equation (3):
where J is the total number of hospitals and I() is the indicator function that is equal to 1 if patient i's index hospitalization was at hospital j, and zero otherwise-that is, equation (3) is equation (2) with the minority-serving variable replaced by a series of dummy variables for each hospital. Using the estimated coefficients from (3), we then calculate the difference between the number of observed readmissions for minority patients and the expected readmissions if each minority patient had received care at the hospitals where nonminority patient tended to receive care. Specifically, for each minority patient, we take a weighted average of the predicted readmission for that patient at every hospital, where the percentages of white patients who were treated at each hospital are used as weights, as shown in equation (4).
where w j is the percentage of all white patients in the sample whose index hospitalization was at hospital j, andd's are estimated coefficients from equation (3). Finally, we take the sum of p i for all minority patients in the sample. The difference between the observed readmissions for minority patients and the predicted readmissions from (4) is the contribution of between-hospital disparities to readmissions. Standard errors for this between-hospital disparity measure were calculated using a bootstrap procedure.
Simulations
We tested the minority-serving approach and the proposed fixed-effect approach using simulations. In each simulation, we created a racial disparity in risk-adjusted outcomes by imposing a between-hospital, within-hospital, or hospital-independent disparity, respectively. We also ran a simulation in which all three types of disparities were present. For each type of disparity, we imposed three levels of severity: low, medium, and high. We then compared how the minority-serving and fixed-effect approaches performed in each of these scenarios. We generated simulated data for hospital quality, patient risk factors, and patient outcomes for each of the scenarios listed above, using readmission after hospitalization for heart failure as our hospital outcome. For simplicity, we assumed that there are only two races: black and white. The simulations required seven inputs, which are outlined in Table 1 . Each simulation drew a random sample of 125 hospitals from the 663 hospitals that recorded race in the 2009 Healthcare Cost and Utilization Project (HCUP) files (HCUP 2009). We used HCUP so that the sample was representative of U.S. hospitals, and we sampled 125 hospitals to make the simulation similar in size to an empirical study we were conducting of heart failure at the Veterans Administration.
We assumed that there was only one appropriate in-hospital treatment required on admission for heart failure, and each patient either received appropriate treatment or did not. Whether the patient received the treatment was a function of the overall quality of care at the hospital and, in the within- Experimental parameters Probability that a black patient received appropriate treatment relative to a white patient's probability at the same hospital hospital treatment disparity scenario, the patient's race. We assumed that each patient's observed health risks-such as age, comorbidity, and other factors commonly included in hospital risk adjustment models-were observable and represented by a single variable (x i ) distributed random normal across patients. Based on differences in Charlson (Deyo et al. 1992 ) comorbidity scores for black and white patients in the 2009 HCUP, we assumed risk was distributed N(0,1) for white patients and N(0.2,1) for black patients. The simulated outcome was a dichotomous variable representing readmission, which was generated by a Bernoulli random number generator with a patient-specific probability of readmission. The probability of readmission increased with observed health risk, decreased with appropriate treatment, and, in the hospital-independent disparity scenario, increased if the patients were black. These relationships are depicted in equations (5)- (11), where r i is 1 if patient i is black and 0 otherwise, R j is the proportion of hospital j's patients who are black, t ij is an indicator for whether patient i was treated appropriately, T j is proportion of patients treated appropriately at a hospital j, x is patient health risk, 1-s is patient-specific probability of readmission, and y is an indicator for 30-day readmission.
Values for the experimental parameters (a) and the incidental parameters (b) are given in Table 1 for each scenario. To effect a between-hospital disparity, we varied the a 1 parameter, which reflects how the probability of appropriate treatment at a hospital changes for every percentage point increase in black discharges at the hospital. Alternative values tested for a 1 were À0.75 (e.g., the probability of appropriate treatment was 7.5 percentage points lower at a hospital with 25 percent black patients compared to a hospital with 15 percent black patients), À0.5, and À1.0. To effect a within-hospital disparity, we varied the a 2 parameter, which reflects the ratio of the probability that a black patient was treated appropriately to the probability that a white patient was treated appropriately at any hospital. Alternative values for a 2 were 0.5 (i.e., black patients where half as likely to receive appropriate treatment), 0.7, and 0.9. To affect a hospital-independent disparity, we varied a 3 , which reflects the probability of hospital-free survival independent of treatment. Alternative values were log(0.95) (i.e., odds of hospital-free survival for blacks was 95 percent that of whites), log(0.925), and log(0.975).
Estimating the Between-Hospital Treatment Disparity
For each scenario, we report the estimated excess readmissions due to black race, and, among black patients, the number of readmissions due to a between-hospital disparity. We estimated both quantities using recycled predictions (Basu 2005; Kleinman and Norton 2009) . We estimate excess readmissions due to race from a logistic regression of readmissions as a function of patient risk and patient race using equation (1). Excess readmissions were estimated as the difference between total observed black readmissions and the sum over all black patients of the predicted probability of readmission with the coefficient on black race set equal to zero. For the minority-serving approach, we estimated a model represented by equation (2) where the minority indicator was set to 1.0 for a hospital if the hospital was in the top 10 percent of hospitals in terms of percent of black patients among each hospital's discharges for heart failure. We estimated readmissions due to between-hospital disparities as the sum of the observed readmissions for black patients minus the sum over all black patients of the predicted probability from equation (2) with the indicator of minority serving (m j ) set to zero. This gives the expected readmissions for black patients if there were no differences in readmission rates between minority serving and other hospitals. For the fixed-effect approach, we measured the between-hospital disparity using equations (3) and (4).
RESULTS
The Abilities of the Minority-Serving and Fixed-Effect Approaches to Detect Disparities Caused by Between-Hospital Differences in the Quality of Care Across all simulations, there was an average of 19,959 white and 4,962 black patients. The simulation results are shown in Figure 1 . For each graph, the x-axis represents increasing levels of disparity, the y-axis represents the logistic regression odds ratio, the dashed marks indicate the mean odds ratio across all 200 simulations, and error bars represent the 2.5th to 97.5th percentile of the empirical distribution of estimates.
The top panel shows the odds ratio on race from the risk-adjusted hospital outcome equation from each scenario. We chose the simulation parameters to generate relatively modest odds ratios on race-that is, approximately 1.1-1.4. The middle panel depicts the odds ratio on the dummy variable for Odds ratio on minority-serving hospital indicator (2)), which represents the minority-serving approach to assessing disparities in access to high-quality care. As expected, the odds ratios on minority-serving indicators were >1.0 in scenarios where the disparity in outcome was caused by between-hospital disparity. In these scenarios, the probability of receiving appropriate treatment decreased with increasing minority representation at a hospital, so minorityserving hospitals had higher odds of readmission. The odds ratios on minority-serving dummy variables were centered on 1.0 when disparities were caused by within-hospital disparities or hospital-independent factors. The lower panel represents the fixed-effect approach. It depicts the odds ratio on black race from a model that included hospital-level fixed effects 1.00 1.00 1.00 1.00 1.00 1.00 Between-hospital Hospital-independent Within-hospital All disparities
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Severity of simulated disparity
Odds ratio on black race from hospital fixed-effects model . Row 1 shows odds ratios on black race from logistic regressions of readmissions as a function of patient health risks. An odds ratio of 1.0 indicates no risk-adjusted disparity in outcomes. Row 2 shows the odds ratio on the minority-serving indicator from a similar logistic regressions, but with the addition of a dummy variable equal to one if the patient's index admission was at a minority-serving hospital. An odds ratio of 1.0 suggests that there was no disparity caused by black patients using lower quality hospitals (i.e., a between-hospital disparity). Row 3 shows the odds ratios on black race from the same logistic regression as in row 1, but with dummy variables for each hospital. An odds ratio of 1.0 implies that all of the disparity in risk-adjusted outcomes was caused by a between-hospital disparity.
(equation (3)). As expected, the odds ratio on black race was centered around 1.0 when the disparity in outcome was caused by between-hospital disparities, but not when the racial disparity was caused by a within-hospital or hospitalindependent disparities.
The Abilities of the Minority-Serving and Fixed-Effect Approaches to Measure the Extent of Readmissions Caused by Between-Hospital Disparities Table 2 shows readmissions and estimates of excess readmissions from each simulation. For the medium-level between-hospital disparity scenario (a 1 = À0.5), the mean number of black readmissions across the 200 simulations was 1,718. There was a mean of 213 more readmissions among black patients than could be explained by differences in patient risk. Because excess black readmissions were caused entirely by between-hospital disparities in this simulation, this mean of 213 more readmissions represents the true expected number of excess readmissions due to between-hospital disparities. The fixedeffect approach yielded a mean estimate of 213 readmissions due to betweenhospital disparities, while the minority-serving approach generated a mean of 140 readmissions-that is, an underestimate of 34 percent. For the large disparity, the fixed-effect approach estimated a mean of 254 excess readmissions due to between-hospital disparities when the true value was 252; the minorityserving approach estimated 159-that is, an underestimate of 37 percent. For the hospital-independent and within-hospital disparity scenarios, none of the excess black readmissions were caused by between-hospital disparities. In these scenarios, the true number of excess readmissions due to between-hospital disparities was zero, and both the minority-serving approach and the fixed-effect approach provided accurate estimates. For example, for the medium within-hospital disparity, the minority-serving and fixed-effect approaches estimated that À1 and zero readmissions, respectively, were due to between-hospital disparities.
For the combined within-, between-, and hospital-independent scenarios, both approaches underestimated readmissions due to between-hospital disparities, but the minority-serving approach underestimated it more. For example, for the medium disparity scenario, the minority-serving approach estimated that 114 readmissions were due to between-hospital disparities, when the true figure was 213 (the same estimate as the between-hospital disparity scenario) for an underestimate of 46 percent. The fixed-effect approach estimated 193 readmissions due to between-hospital scenarios or an underestimate of 9 percent. The Sensitivity of the Results of the Minority-Serving Approach to Alternative Definitions of a Minority-Serving Hospital Table 3 shows how alternative definitions of "minority serving" affected the assessment of whether a between-hospital disparity exists or not and the estimates of the number of readmissions due to between-hospital disparities. The first two columns show the results of simulations in which we defined a hospital as minority serving if it is in the top deciles of hospitals; the second two columns use the top quartile as the cutoff. Within each of these cutoffs, we defined minority-serving hospitals both by the percent of black patients and the number of black patients at the hospital. The data represent estimates from 200 simulation of the medium between-hospital disparity scenario. The estimates of excess readmissions due to race were fairly constant at around 200 readmissions. Because excess black readmissions were caused entirely by between-hospital disparities in this simulation, this figure represents the true number of excess readmissions due to between-hospital disparities. The highest estimate of 209 differs from the lowest estimate of 194 by 7.7 percent. If we use the minority-serving approach to estimate between-hospital disparities, we observe odds ratios on the minority-serving hospital that range from 1.15 to 1.20. As with the simulations in Table 2 , the minority-serving approach underestimates the true readmissions by about one third, and the estimates themselves vary across definitions of minority-serving status, from a high of 181 to a low of 124 (a 46 percent difference). The bias, which is defined as the difference between the readmissions attributed to between-hospital disparities and the readmissions due to race, ranged from À74 to À53 for the minority-serving approach and from À1.7 to 2.8 for the fixed-effect approach. Using the top quartile of hospitals as the cutoff generated more accurate measures of the between-hospital disparity than did using the top decile as the cutoff.
DISCUSSION
We conducted a simulation study to compare two approaches to measuring the degree to which unequal use of high-quality hospitals, which we labeled a "between-hospital disparity," results in racial disparities in hospital outcomes. The minority-serving approach, which compares risk-adjusted outcomes across minority-serving and non-minority-serving hospitals, generally performed well in simulations. The minority-serving approach correctly identified a between-hospital disparity in simulations where such a disparity was imposed and rejected a between-hospital disparity in simulations where the disparity in outcomes was caused by "within-hospital" disparities and a "hospital-independent" disparities. The minority-serving approach also confirmed the existence of a between-hospital disparity when we combined the three pathways into the same simulation. There are, however, two significant shortcomings to the minority-serving approach, which suggest an alternative approach is warranted. First, the minority-serving approach commonly returns an odds ratio or risk ratio on "minority-serving" hospitals, and an odds ratio alone does not give an indication of how urgent or costly the between-hospital disparity is to the minority community. A large odds ratio could belie a small effect on the community if minority-serving hospitals treat few patients or the outcome is rare. A policy maker, who is interested in reducing the burden of poor hospital care for minorities, needs information on the number and costs of outcomes that are attributable to minority patients receiving care from poor-quality hospitals; an odds ratio alone does not provide this information. Moreover, our simulations showed that when one employs the minority-serving method and performs the math necessary to translate the odds ratio on the minority-serving variable into the number of outcomes attributed to "minority-serving" hospitals, the results underestimated the true effect of between-hospital disparities in quality on outcomes. The minority-serving method underestimated the true effect by a third to a half. The policy maker would substantially underestimate the costs of the between-hospital disparity and thus would risk underinvesting in efforts to ameliorate it.
The proposed "fixed-effect" approach addresses these shortcomings by replacing a minority-serving indicator variable with hospital-specific fixed effects in the outcome equation, and estimating the difference between realized outcomes for minorities and expected outcomes if every minority patient replaced his/her own hospital with the hospital that each white patient in the sample chose. This fixed-effect measure of between-hospital disparities performed better in simulations than the minority-serving methods. Whereas the minority-serving estimate underestimated the true-between-hospital disparity by 1/3 to 1/2, the fixed-effect method was generally within a few percentage points of the true disparity.
The second drawback of the minority-serving approach is that it relies on an ad hoc definition of "minority serving," and the simulations found that alternative definitions of minority serving yielded significant differences in the odds ratio on minority-serving hospitals, and on the derived measure of excess outcomes attributed to minority-serving hospitals. It is important to note, however, that the better performance of definitions of minority serving based on the percent, rather than the number, of minorities at a hospital is an artifact of the way the simulation was constructed. In the simulation, we imposed a between-hospital disparity based on the percent of minorities at each hospital, so definitions of minority serving based on the number of minorities at a hospital were disadvantaged.
There are other problems with the minority-serving approach that we did not explore through simulation. The specification of minority serving is dichotomous. Any hospital below this cutoff is not minority serving, no matter how similar it is to hospitals above the cutoff. In a multiyear study, a hospital could switch its minority-serving status from year to year if it is close to this cutoff. This is particularly important for urban communities with large hospitals that often tend to be safety-net hospitals treating large numbers of Medicaid patients. Whether these hospitals fall to one side or the other of the cutoff could have important consequences for the measure of between-hospital disparities.
Using a percentile cutoff to define minority serving also means that whether a hospital is minority serving or not depends on the sample from which it is drawn. The same hospital may be "minority serving" in a national sample of hospitals, but not in a local sample of hospitals if there are more minorities in the local sample. In addition, researchers must decide what patients to include in the sample to define a "minority-serving" hospital. For example, in a study of hospital outcomes of low-birthweight births, should the minority-serving status be based on all births at the hospital or only low-birthweight births? For a study of black-white differences in hospital outcomes of heart failure, should the minority-serving status be based on all minority patients at the hospital or only black patients?
The fixed-effect approach has other advantages. The method lends itself easily to estimating between-hospital disparities for other subgroups of patients. To estimate between-hospital disparities for Hispanic patients, there is no need to define a "Hispanic-serving" hospital. There is no need to estimate a separate outcome model at all. The researcher only needs to solve equation (4) for the set of all Hispanic patients in the database. To estimate between-hospital disparities for low-income versus high-income patients, a researcher needs only to recalculate the weights in (4) to reflect the percentage of high-income patients who use each hospital and solve equation (4) over the set of all low-income patients. By generating the number of outcomes attributable to between-hospital disparities, rather than an odds ratio, the fixed-effect approach also facilitates estimating the costs of the disparity. Simply multiply the difference in observed events minus the expected events from equation (4) by a measure of the cost of each event. The fixed-effect approach could also be applied to nonhospital settings, such as explorations of racial differences in the use of high-quality ambulatory surgical care facilities, dialysis facilities, or individual surgeons.
The fixed-effect approach is a simple extension of the use of hospital-level dummy variables to control for racial disparities in the use of high-quality hospitals that has been used in other studies (Barnato et al. 2005; Lucas et al. 2006; Hasnain-Wynia et al. 2007; Gaskin et al. 2008; Howell et al. 2008; Silber et al. 2009 ), although to our knowledge no author has produced the statistic we described. As others have shown (Barnato et al. 2005; Lucas et al. 2006; Hasnain-Wynia et al. 2007; Gaskin et al. 2008; Silber et al. 2009 ), a comparison of the coefficients on race from logistic regressions that do (equation (3)) and do not (equation (1)) include hospital-level dummy variables informs the extent to which the site of care contributes to a racial difference in risk-adjusted outcomes. If disparities are caused by where a minority patient receives care, then controlling for where a patient receives care by including hospital-level dummy variables will reduce the apparent disparity. For example, HasnainWynia et al. (2007) showed that the adjusted sign and significance of racial differences in the probability of receiving a hospital quality-of-care measures diminished after including hospital dummy variables in the riskadjusted model, which suggests that much of the disparity in quality-ofcare was due to between-hospital disparities. Conversely, Silber et al. (2009) found that racial disparities in the probability of a poor surgical outcomes-specifically, racial differences in failure to resuscitate-persisted after including hospital-level dummy variables, which suggested that disparities existed both within and between hospitals. However, neither of these studies produced an estimate of the number of hospital outcomes that were attributable to between-hospital disparities in care, as we described in this study.
The proposed fixed-effect approach is similar to the approach of Howell et al. (2008) , who included hospital-level dummy variables in a logistic regression of 30-day neonatal mortality. Howell et al. then repeatedly randomly reassigned black mothers to hospitals such that the distribution of black mothers across hospitals was the same as the distribution of white mother. The fixed-effect approach described here achieves the same result, except that rather than randomly reassigning black patients to hospitals, the fixed-effect approach systematically reassigns black patients to every hospital. The proposed fixed-effect approach is similar in someways to the Oaxaca-Blinder decomposition methods (Oaxaca 1973) in which differences in outcomes between two groups are attributed to differences in mean values of the explanatory variables and differences in estimated coefficients on those variables between the groups. In the Oaxaca-Blinder approach, separate coefficients are estimated in equation (3) for black and white patients. This is may not be feasible for most applications because of the small number of black patients at many hospitals. In addition, the Oaxaca-Blinder approach is appropriate for linear models. The proposed fixed-effect approach achieves a similar result, but in the context of non-linear models commonly used for hospital outcome assessments.
Limitations
As with all risk adjustment models, the conclusions are only as good as the risk adjustment model used. If the estimated coefficients on the hospital dummy variables in the risk-adjusted outcome model are a poor reflection of the quality of care at hospitals, then the estimates of the contribution of disparities in use of high-quality care will be suspect. This could be especially true for small hospitals for which the variance in the estimated coefficient can be great. Future research should explore using the fixed-effect approach described here with Bayesian shrinkage estimators of the hospital-level effects. The fixedeffect approach would not be appropriate for especially rare hospital outcomes such that some hospitals would have no events and therefore no estimated coefficient in equation (3). The simulations were necessarily simplifications of a more complex process-there is not a single treatment for hospitalized patients-so it is difficult to choose incidental parameters such as the treatment effectiveness. By the same token, distinguishing between hospital-independent and within-hospital disparities in empirical analyses would be difficult as it would require measuring all the aspects of treatment that account for within-hospital disparities. Finally, the favorable performance of the fixedeffect approach in simulations might be expected given the close match between the fixed-effect's statistical model and the conceptual models that motivated the simulations. However, the simulations showed that the fixed-effect models could distinguish the pathway by which disparities materialized, despite the considerable statistical noise typical for hospital readmission models.
CONCLUSION
The minority-serving approach of comparing risk-adjusted hospital outcomes between minority-serving and nonminority-serving hospitals accurately identified a between-hospital treatment disparity in simulations when one existed; however, the minority-serving approach underestimates the number of outcomes attributed to racial differences in the use of high-quality hospitals. An alternative approach that considers the expected outcomes of minority patients if they were distributed across hospitals in the same way as nonminority patients performed better, required no ad hoc assumptions about the definition of a minority-serving hospital, and should be considered when addressing the consequences of racial disparities in the use of high-quality hospitals or other facilities. A hospital's quality should not depend on the racial/ethnic composition of its patient population. Accurately measuring the disparity in outcomes caused by racial differences in the use of high-quality hospital care is an important first step toward closing the racial and ethnic gap in health.
